
THEMIS IMAGE CLASSES

AURORAL IMAGERY

35,277 raw images from THEMIS all-sky 
imagers are projected onto a latitude-
longitude grid.  This data set was used to 
train the auto-encoder

We use measurements of the ionospheric phase 
scintillation index (𝞼𝞍), the standard deviation of the 
detrended carrier phase, averaged over 60 s. 

		

AUTOENCODER

The encoder and decoder uses a U-Net like architecture 
in order to learn image structures at different scales. 

DATA SOURCES

Signals from Global Navigation Satellite System 
(GNSS) satellites are altered in phase and amplitude 
by ionospheric scintillations. These scintillations can 
cause a loss of spatial tracking and time information.

Scintillations are known to correlate with visible 
aurora. To investigate this correlation, we use data 
from several observation networks in N. Canada
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59.	CORRELATION	OF	AURORAL	DYNAMICS	AND	GNSS	SCINTILLATIONS	WITH	AN	AUTOENCODER	

7700 manually annotated auroral images, classified among 6 classes

ARC DIFFUSE DISCRETE

AURORA CLASSES

MOONCLEAR CLOUDY

NON-AURORA CLASSES

•  Are specific structures within the visible aurora more likely to correlate with the occurrence of GNSS 
phase scintillations?

•  Can an unsupervised approach to aurora image classification improve our understanding of this 
correlation? 

 

PROBLEM SETTING
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Figure 1: Res-AE Encoder

Figure 2: Original (top) and reconstructed (bottom) Themis images.

neighborhood from which UMAP learns the manifold structure of the data to 15 nearest neighbors,
as this provides a reasonable separation between the clusters.

3 Results

We train the Res-AE on 2 months of THEMIS images from FSIM to encode our image class labelled
dataset of 7700 images (we exclude images labelled as cloudy, as these do not contain physical
information on the ionosphere). Figure 3 shows the embedded latent representations for both the
t-SNE and UMAP projections, colored by the image class labels. Both t-SNE and UMAP generate
similar clusters of the labelled image classes from the latent representations. They both most clearly
cluster images identified as moon, arc, and diffuse, with subsets of the discrete images more closely
associated with each of these clusters.

We investigate the relation of the unsupervised image clusters to physically-relevant quantities related
to the ionospheric electron density, namely the phase scintillation index (��). Previous work has
demonstrated that the intensity in the white light ASI images is correlated with the observed auroral
precipitated energy [9], indicating ASI images provide meaningful insight into physical processes
occurring in the ionosphere, such as localised fluctuations in electron density contributing to GNSS
scintillations. Using spectral clustering, we identify distinct clusters in the projected latent space
and look at the log-normal distribution of �� measured by GNSS receivers co-located at the same
site as the THEMIS ASI imagers. Figure 4a demonstrates this approach on the UMAP projection.
Specific clusters of auroral images (e.g. clusters 0 and 5 in Figure 4b) are correlated with significantly
higher phase scintillation indices. These clusters correspond to a subset of the aurora classified as
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neighborhood from which UMAP learns the manifold structure of the data to 15 nearest neighbors,
as this provides a reasonable separation between the clusters.

3 Results

We train the Res-AE on 2 months of THEMIS images from FSIM to encode our image class labelled
dataset of 7700 images (we exclude images labelled as cloudy, as these do not contain physical
information on the ionosphere). Figure 3 shows the embedded latent representations for both the
t-SNE and UMAP projections, colored by the image class labels. Both t-SNE and UMAP generate
similar clusters of the labelled image classes from the latent representations. They both most clearly
cluster images identified as moon, arc, and diffuse, with subsets of the discrete images more closely
associated with each of these clusters.

We investigate the relation of the unsupervised image clusters to physically-relevant quantities related
to the ionospheric electron density, namely the phase scintillation index (��). Previous work has
demonstrated that the intensity in the white light ASI images is correlated with the observed auroral
precipitated energy [9], indicating ASI images provide meaningful insight into physical processes
occurring in the ionosphere, such as localised fluctuations in electron density contributing to GNSS
scintillations. Using spectral clustering, we identify distinct clusters in the projected latent space
and look at the log-normal distribution of �� measured by GNSS receivers co-located at the same
site as the THEMIS ASI imagers. Figure 4a demonstrates this approach on the UMAP projection.
Specific clusters of auroral images (e.g. clusters 0 and 5 in Figure 4b) are correlated with significantly
higher phase scintillation indices. These clusters correspond to a subset of the aurora classified as
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RESULTS

(a) (b)

Figure 3: Latent space colored by image classes projected by (a) t-SNE (b) UMAP

(a) (b)

Figure 4: UMAP projection showing (a) spectral clustering (b) the corresponding log-normal dis-
tributions of �� associated with each cluster. Colors and numbers in (b) correspond to the clusters
identified in (a) by the spectral clustering algorithm applied to the UMAP projection.

discrete and arc of Figure 3b. These clusters suggest that the brightness of auroral features (and thus
the magnitude of the auroral precipitated energy) may be correlated with the magnitude of the ��.
This analysis demonstrates that clustering in the low dimensional projection of the latent space can
provide physically meaningful correlations with relevant physical parameters, such as ��.

4 Discussion and Outlook

While previous work has demonstrated that supervised deep learning approaches provide a useful
method for analysing THEMIS images, here we demonstrate that unsupervised clustering techniques
using a general-purpose Autoencoder may be a useful alternative approach. These results indicate that
non-linear dimensionality-reduction techniques such as UMAP and t-SNE can provide meaningful
lower-dimensional projections of the latent representation of aurora images that correlate with clusters
associated with both human annotated image classes and physically meaningful parameters related to
the ionospheric electron density variations. These results also indicate that specific dynamic structures
in the aurora (as observed by the ASI) are more likely to correlate with GNSS phase scintillations.
Such an approach seems to be site specific however, as we observed greater separation between
images measured at different sites versus separation between image classes at a single site; additional
masking of image edges may extend the applicability of the method to multiple sites. Future work
will focus on applying this method to a larger image data set, further exploration of unsupervised
auroral feature extraction from the t-SNE and UMAP projections correlated with high �� values, and
investigation of the correlation of clusters with other ionosopheric parameters, such as the differential
total electron content.
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Visualization of aurora images in the latent space using tSNE (left) and UMAP (right). Unsupervised clusters 
typically correlate with human-annotated image classes and show similar clusters using both tSNE and UMAP.
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Figure 3: Latent space colored by image classes projected by (a) t-SNE (b) UMAP

(a) (b)

Figure 4: UMAP projection showing (a) spectral clustering (b) the corresponding log-normal dis-
tributions of �� associated with each cluster. Colors and numbers in (b) correspond to the clusters
identified in (a) by the spectral clustering algorithm applied to the UMAP projection.
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the magnitude of the auroral precipitated energy) may be correlated with the magnitude of the ��.
This analysis demonstrates that clustering in the low dimensional projection of the latent space can
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4 Discussion and Outlook

While previous work has demonstrated that supervised deep learning approaches provide a useful
method for analysing THEMIS images, here we demonstrate that unsupervised clustering techniques
using a general-purpose Autoencoder may be a useful alternative approach. These results indicate that
non-linear dimensionality-reduction techniques such as UMAP and t-SNE can provide meaningful
lower-dimensional projections of the latent representation of aurora images that correlate with clusters
associated with both human annotated image classes and physically meaningful parameters related to
the ionospheric electron density variations. These results also indicate that specific dynamic structures
in the aurora (as observed by the ASI) are more likely to correlate with GNSS phase scintillations.
Such an approach seems to be site specific however, as we observed greater separation between
images measured at different sites versus separation between image classes at a single site; additional
masking of image edges may extend the applicability of the method to multiple sites. Future work
will focus on applying this method to a larger image data set, further exploration of unsupervised
auroral feature extraction from the t-SNE and UMAP projections correlated with high �� values, and
investigation of the correlation of clusters with other ionosopheric parameters, such as the differential
total electron content.
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Some clusters in the latent space (left) are more likely to be associated with higher phase scintillations (right). 
Clusters containing discrete and arc aurora classes are associated with higher phase scintillations.


